This paper presents an empirical study to understand how psycho-sociological factors influence on optimism/pessimism at the individual level.
Introduction
Optimists are people who tend to have favourable outlook of their life whereas pessimists tend to derive negative interpretations from the events around them. Their approach towards life generally manifests in their day-to-day behaviour. For example, they have different mechanisms to cope with positive or negative events around them. The first computational model to estimate the degree of optimism/pessimism at tweet level as well as user level has been introduced by [Ruan et al.2016 ]. This paper could be seen as an extension to that work. Here we are trying to understand how psycho-sociological factors influence on optimism/pessimism at individual level. To understand psychological factors we have analyzed personality of each user using the Big5 Personality Model [Goldberg1993] . On the other hand, to understand sociological factors we have used values & ethics (Schwartz Values Model) [Schwartz1992] model. Therefore, both the influencing factors have been aggregated and analyzed at community level (a community in a social network is considered to be a group of nodes densely connected internally and sparsely connected externally). The presumption here was that two persons with same personality trait but under distinct sociological influences at community level may react differently and similarly people with different personalities but in different sociological circumstances may react exactly in the same way. However, [Ruan et al.2016 ] had also discussed that personality is correlated with optimism [Sharpe et al.2011] . Pessimism is principally associated with neuroticism and negative affect while optimism is primarily associated with extraversion and positive affect [Marshall et al.1992 ]. We draw motivations from all these previous works and to this end this paper reports a comprehensive empirical study to understand how user level optimism/pessimism got influenced by person level psychology i.e. personality and by societal level values & ethics at community level.
We report interesting results and correlations related to influence of psycho-sociological factors on optimists/pessimists on Twitter. A few societal factors were found to to be more influencing than other societal factors. For example, achievement and conformity classes tend to be more influencing than other classes of values in promoting optimistic views in social media. Also a few social factors (or community level factors) like achieve-ment and stimulation were found to be more positively correlated than user level factors in optimists. On the other hand, for pessimists poweroriented and traditional settings seem to be more correlated than other factors.
The paper is structured as follows. In Section 2, we discuss the relevant research work done in the area of computational models for optimism/pessimism as well as psycho-sociological factors. The data sources used for building classifiers, fuzzy distributions of personality and values in the corpus and performance of classifiers used to infer the distribution of different psychosociological aspects are discussed in Section 2. Section 3 describes the methodology used for extracting the semantic representation of a community in terms of it's values. Section 4 explains the use of semantic interpretation of communities in terms of their values and psycho-sociological patterns of users for the calculation of aggregate degree of optimism/pessimism under the influence of different factors. In Section 5, important correlations related to influence of different factors on optimists/pessimists are discussed in detail.
Related Work
There has been a little research in the field of computational models to predict the degree of optimism. [Ruan et al.2016] developed the first computational model for measuring the optimism/pessimism of users based on their social media activity. 714 potential optimists and 614 potential pessimists were identified by searching for specific phrases. After identification of potential optimists and pessimists, they created a ground truth dataset through human annotation on a randomly selected subset of corpus. In order to rank the users according to degree of optimism and pessimism, Twitter users were sorted based on the average scores assigned to their tweets.The top 25% were labelled as optimists whereas the bottom 25% were labelled as pessimists. The psycho-sociological patterns thus obtained, can be used as metrics to gauge someone's inclination towards optimism/pessimism. Such finding could be helpful for various practical purposes like online recommendation system, Twitter could improve its "who to follow" suggestions, online advertisement and etc by biasing the random walks procedure used in link prediction algorithms or adding regularization terms in matrix factorization methods.
Data Sources
We used four datasets for our analysis : Optimism/Pessimism: For the purpose of developing computational models for Optimism/Pessimism, we used the dataset proposed by [Ruan et al.2016 ]. The Twitter conversations dataset was obtained by searching for key-phrases such as "I am optimistic" for identifying optimistic users and keywords such as "hate", "unfair", and "disgust" for identifying potential pessimists. They identified 718 potential optimists and 640 potential pessimists with maximum of 2, 000 tweets per user. A small subset of 500 potential optimists and 500 potential pessimists were selected. To create a human annotated ground truth dataset, 15 tweets for each user were randomly selected. Further, each tweet was annotated as potimist or pessimist.
Personality: The personality labeled gold corpus (10K Facebook status updates of 250 users and their Facebook network properties), released in WCPR'13 3 workshop, was used to build the personality model. From the Table 1 , we can observe that the Facebook Personality corpus used in WCPR'13 is balanced corpus with almost equal distribution of users across all five different personality traits.
Values & Ethics: The Values & Ethics data for 367 users was crowd-sourced along with users' Twitter Ids using Amazon Mechanical Turk as a service, while ensuring that the participants came from various cultures and ethnic backgrounds: the participants were equally distributed across the globe -Americans (USA, Canada, Mexico, Brazil), South Asia (India, Pakistan, Bangladesh), and a few East-Asians (Singaporeans, Malaysian, Japanese, Chinese). The selected Asians were checked to be mostly English speaking.
We obtained data from self-assessment based psychometric tests using male/female versions of PVQ, the Portrait Values Questionnaire [Schwartz et al.2001 ]. The PVQ asks participants to answer each question on a 1-6 Likert rating scale 4 . A rating of 1 means "not like me at all" and 6 means "very much like me". An example question is "He likes to take risks. He is always looking for adventures." where the user should answer while putting himself in the shoes of "He" in the question. The standard practice is to ask a fixed number of questions per psychological dimension. Therefore, there are five questions for each of the ten Values classes, resulting in a 50 item PVQ questionnaire. Once all the questions in the PVQ have been answered, for each user and for each Values class, a score is generated by averaging all the scores (i.e., user responses) corresponding to the questions in that class, as described by [Schwartz2012] . Further, the rescaling strategy proposed by [Schwartz2012] was used to eliminate randomness from each response given by a user as follows: for each user, the mean response score was first calculated considering all the responses s/he provided, and then the mean score from each response was subtracted. See [Schwartz2012] for more details on PVQ and the score computation mechanism.
The ranges of scores obtained from the previous rescaling method may vary across different Values classes. For instance, the ranges of the rescaled scores for the Twitter Values corpus are as 
Further, for obtaining text data to train computational model we collected tweets from users' Twitter accounts. However, several challenges have to be addressed when working with Twitter. For example, several users had protected Twitter accounts, so that their tweets were not accessible when using the Twitter API. In addition, many users had to be discarded since they had tweeted less than 100 tweets, making them uninteresting for statistical analysis. In addition, some extreme cases when users mentioned someone else's (some celebrity's) Twitter account, had to be discarded. Finally after filtering the data, we obtained a text dataset of 367 users consisting of at least 100 tweets and maximum of 3200 tweets. Categorical flat distributions of Values types are reported in the Table 2 .
SNAP Dataset: In order to analyze the behaviour of optimists/ pessimists at societal level, the egocentric twitter network released by SNAP is used. For the purpose of investigating the sociological factors operating at societal level, 1,562 ground-truth communities spanning over 81306 nodes and 1, 768, 149 edges were considered for further analysis (other communities having size 5 The distribution of a particular value type over a corpus was analysed using the Bienaymé less than 5 and with number of tweets less than 100 were discarded).
Corpus Statistics
Categorical flat distributions of Personality and Values types are reported in Table 1 and Table 2 , respectively. It is noteworthy that the Facebook Personality corpus used in the Workshop on Computational Personality Recognition shared task [Celli et al.2013 ] is quite balanced because it was judiciously chosen from a larger 10K user data corpus collected in the myPersonality project. 6 The shared task organisers chose the right (desired) distribution for the released corpus, but in a real-life setting it is almost impossible to get a balanced data from any user population or social media platform. On the other hand, the Twitter corpus, collected by us is skewed.
Moreover, both the Personality model and Schwartz' Values model support fuzzy membership, which means that anyone having Open personality can have Agreeable nature as well, and similarly that someone with Power orientation also can have Achievement orientation. To understand this notion, the fuzzy membership statistics of Facebook Personality corpus and Twitter Values corpus are reported in Figures 1 and 2 respectively.
On a careful analysis of Figure 1 one can clearly observe how each Personality trait is overlapped with other Personality traits. For example, for Openness (O), we can clearly see that almost equal amount of people are positively oriented towards all the remaining four Personality dimensions. Similarly, Agreeable people are evenly distributed among three traits: Openness, Extroversion and Conscientiousness, but very few of them have in neurotic nature. On the other hand, the class distribution of Neuroticism (N) is highly imbalanced, as most of the people who are neurotic are always eager to experience new things always to satisfy their ever-changing mood. Further, it can be inferred from the visualisation that very few extroverts have neurotic nature, but many of them are positively oriented towards Conscientiousness (C) trait. It indeed makes sense as extrovert people are outgoing and would like to mingle in different circles of the society, and thus they are accommodative and less sentimental, i.e., less neurotic but they are rather methodical i.e., conscientious. It is also clear that the fuzziness is much higher among the Values classes than among the Personality traits. One possible reason is that Personality has fewer number of classes than Schwartz Values. Such overlapping nature of psychological classes makes the computational classification problem much more challenging than the classical sentiment analysis problem.
Psycholinguistic and Network Features
We explored exhaustive set of features including -(f1) Word N-grams; (f2) Lingustic and optimism/pessimism models and features used are illustrated in 3.
Building Classifiers
We collected data from several sources to build three classification models. Here for each model we report the best classifier. The feature engineering required for improving performance of Personality and Values models is discussed in detail in [Tushar Maheshwari2016]. All the results reported in Table 3 are based on 10-fold cross validation on respective datasets. Personality: The personality labeled gold corpus (10K Facebook status updates of 250 users and their Facebook network properties), released in WCPR'13 9 workshop [Celli et al.2013] , is used to build the personality model. Our SVM-based model outperforms the state-of-the-art [Verhoeven et al.2013 ] by 10%, achieving average F-Score of 79.35%. Features used in this model are reported in Table 3 .
Values & Ethics: For the values model we crowd-sourced a Twitter corpus using the Amazon Mechanical Turk 10 . Self-assessments were obtained using the Portrait Values Questionnaire (PVQ) [Schwartz et al.2001] . At the end of the data collection process, data from 367 unique users had been gathered, having 1,608 average tweets per user (see supp. for details). The SVMbased values classifiers achieves an average FScore of 80% using features reported in Table 3 .
Optimism/Pessimism: A Multinomial Naive Bayes classifier is trained on the dataset introduced by [Ruan et al.2016 ], the state-of-the-art for this work. We obtain an F-Score of 77.89% using featues reported in Table 3 ), which is comparable to the state-of-the-art i.e. 81% [Ruan et al.2016 ].
Semantic Interpretation of Communities
In order to analyze the behaviour of optimists/pessimists at societal level, the egocentric twitter network released by SNAP is used. The Twitter network, released by SNAP [Leskovec and Krevl2015] (nodes: 81,306, edges: 1,768,149) has been used to study community structure. We considered 1,562 ground-truth communities (after discarding communities having size less than 5 and with tweets less than 100). In order to analyse whether people within the same community tend to be homogeneous with respect to their background values/ethics, we measure Shannon's Entropy (measure of the uncertainty) [Lin1991] for each dimension separately.
Higher entropy scores suggest lower similarity. To calculate the entropy score vector X (i) for a community C (i) consisting of n users as u (1) , u (2) , u (3) ...u (n) , a matrix A (i) is created where A (i,j) row vector represents the estimated scores of each of the ten values for a user u (j) and A (i,:,k) column vector represents the estimated scores of k th class for all n users. The A (i,:,k) column vector was transformed to a probability distribution vector N (i,:,k) using softmax-10 https://www.mturk.com/ normalization:
The entropy score X (i,k) for N (i,:,k) can be calculated using the following formulation: After normalization, N (i,:,k) vector represents the probability distribution of k th Value class across n users where entropy score X (i,k) represents the randomness in community along k th Value class. The lower the randomness, higher the k th class is dominant in the C (i) community. Now, in order to obtain binary estimates T (i) for each of the ten values and classes in C (i) community, the entropy score vector X (i) is scaled using zeromean unit-variance method and for numerical values greater than 0, 1 was assigned and for numerical values less than 0, 0 was assigned as class label for C (i) community. Instead of labelling a community C (i) with a class having minimum entropy, the scaling approach is used for the purpose of preserving the fuzzy distribution of values at community level. The obtained T (i) vector represents the fuzzy distribution of values and is thus a representation to capture the semantic information about the community. 260 5 Understanding
PsychoSociological Influences of Optimism/Pessimism
The analysis for user-level estimation starts with each user u (i) and it's the binary estimates of all five traits of the Personality (P (i) ), probability estimates of ten classes of Values (V (i) ) and probability estimates of degree of optimism/pessimism (O (i) ), obtained using the pretrained Big5 Personality model, Schwartz Values model and optimism/pessimism models respectively. The user-level estimation for the degree of optimism/pessimism was done by averaging the optimism/pessimism scores for each user. Further the estimated scores for five personality traits, ten values traits and degree of optimism/pessimism was scaled using zero-mean unit-variance method for each of the 16 classes independently.
To this extent, we have obtained
representing the personality traits, values and degree of optimism respectively for each user u (j) and binary estimates T (i) representing the fuzzy distribution of values for each community C (i) .
Aggregate Analysis over Personality Traits: For the purpose of understanding the distribution of O (j) under the influence of P (j) and T (i) for a user u (j) in community C (i) , we divide our analysis in five parts according to five different traits of personality. The division of analysis according to five personality traits will help us better understand the influence of each of these personality traits on optimists/pessimists. Therefore, for all users u (j) having a particular personality trait, we go into the communities the user u (j) belongs to and lookup the values of that community using T (i) as well as obtain the degree of optimism/pessimism for that user from O (j) . In this way, we aggregate the degree of optimism for each pair of personality trait and values class and obtain the distribution of degree of optimism/pessimism under the influence of sociopsychological factors. The aggregation of degree of optimism/pessimism can be formulated as follows :
where I (i,j,0) represents the aggregate degree of optimism for i th personality trait and j th value class. Similarly, I (i,j,1) representing the degree of pessimism is calculated by aggregating over O (k,j,1) .
Obtained psycho-sociological patterns
On careful investigation of five radar plots (Figure 8) for each of the personality traits we discover interesting patterns on how combination of personality trait and values influence the behaviour of optimist/pessimist users on Twitter.
Influence of Psycho-Sociological Factors on Optimists: In Figure 3 , we can infer that people with open personality are generally optimistic irrespective of the dominating values of their community as individuals with high openness tend to seek euphoric experiences resulting in positive expectations. From Figure 4 , it is evident that individuals high in conscientiousness are positively correlated with very optimistic people in both achievement as well as stimulation oriented communities. Since, people high in conscientiousness tend to have obsession, they are expected to be optimistic when they are surrounded by people aspiring to achieve and face challenges. From Figure 5 , it can be observed that extroversion has positive correlation with very optimistic people in communities highly oriented towards achievement, conformity, hedonism, security, self-direction and stimulation owing to their high energy and positive emotions. Further from Figure 6 , we can observe that agreeable people have very distinct radar profile portraying them as very optimistic people irrespective of their social settings because of their compassionate and cooperative nature.
Overall, from the radar charts, we propose the order of dominance of societal factors (values & ethics) over individual factors (personality) by observing that in certain social factors dominate over all user-level factors : AC > CO > ST. For example, achievement and stimulation oriented settings encourage more optimistic views on social media irrespective of different personality traits.
Influence of Psycho-Sociological Factors on Pessimists: Open people in traditional or power oriented settings seem to be more pessimistic owing to many restrictions posed in a traditional community and quest for prestige in a power oriented community. Similarly, for all other personality traits, the traditional settings influence more 262 than an individual's personality traits in promoting pessimistic views. Except for agreeable people, we can observe that power-oriented community also increases the sense of pessimism among people. In addition, for conscientious users belonging to security or self-direction oriented communities are very pessimistic. The pessimistic nature of the conscientious users can be explained by the fact that their sense of responsibility coupled with pressure for maintaining stability, security and making independent choices in life may lead to lowering their positive expectations.
On the other hand, a few outliers in the analysis can be seen due to accumulation of inaccuracies in the trained models of Values & Ethics as a result of biased training data which is clear from flat distribution of values in Table 2 . For example, on an average, optimism in users belonging to communities high in universalism as well as pessimism in users belonging to communities high in conformity is relatively high irrespective of their personality traits.
Conclusion and future direction
This paper presents an empirical study to understand how psycho-sociological factors influence on optimism/pessimism at individual level.
However, we have only analyzed intracommunity psycho-sociological patterns in this study, but we strongly believe that neighbouring communities also have influential roles to play on person level optimism/pessimism. In addition, we need to study the influence of communities which are not power-oriented or not achievement oriented along with different personality traits. We are working on analyzing and inferring other influencing factors using computational models.
